Introduction
The increasing awareness of adverse effects of chemicals in our environment, especially in food, has led to ever more demanding questions about occurrence of unwanted chemicals. Traditionally, analytical methods are designed to detect specific groups of chemicals using targeted methods.
However, these methods are limited to the original method scope so fail to detect chemicals outside this scope. Fortunately, newer different analytical methods may address the challenge of unknown compounds which are not known to be present or where the structure is not initially expected to be present. This challenge is prevalent in many areas, e.g., metabolomics [1] , food safety [2, 3] , and environmental research [4, 5] . Unknown chemicals shift the research question from "can this substance be found in this sample?" towards "what else can be found in this sample?" While targeted analyses are known for high sensitivity and useful for routine analysis [6] , they can similarly provide a falsified argument of safety: absence of evidence is not equal to evidence of absence. Food scandals, notably the melamine case [7, 8] , have proved that targeted methodology cannot always ensure safety due to the large number of substances not included.
When one takes into account the non-targeted substances, orders of 100,000s of chemical substances may be found in food contact materials, which may have the potential to migrate to food in concentrations of concern [9]. Research is often directed according to the "popularity" of a substance: much for well-studied compounds, but few or none for unknown compounds. The lack of knowledge on unexpected compounds in food and environment has driven a need to look past the targeted methodology. Yet, even untargeted methods still have a too strong dependence on preexisting knowledge [10] , and the available data sources require extensive cleaning and pruning prior to use [11] . Dealing with complex samples, especially to ensure human safety, requires a level of discovery that targeted or even some untargeted analysis do not currently provide [12] .
Modern accurate MS provides the capability to predict molecular structures from isotopic patterns, MS-MS fragmentation, retention behavior, and elemental composition [13, 14] . Even so, MS is rarely sufficient for a full identification, and authentic standards or other elucidation methods are still required, e.g., purification followed by analysis by Nuclear Magnetic Spectroscopy (NMR) [15] [16] [17] .
Recently, Kind and Fiehn [18] reviewed unknown elucidation, and summarized promptly that there is currently no software or tool that can truly predict an unknown structure from MS spectra. Hence, the unknown chemicals tend to direct to the void between targeted analysis (not included in method) and untargeted analysis (unable to be identified or quantified).
Food science (flavor, safety, etc.), metabolomics, and environmental chemistry often use MS combined with reference libraries of known chemicals [19] [20] [21] [22] . Food safety, risk assessment relies on the potential hazard and the exposure to these compounds [23] , hence the challenge is in two questions: what is present in the sample and how much. We recently showed that quantifications could be decoupled from identification [24] , and this allows for rough concentration estimates of virtually an unlimited amount of unidentified substances. Furthermore, studies by Bengtström et al. [25] and Rosenmai et al. [26] showed that untargeted screening can be used in a bio-guided strategy to find hazardously compounds present in extracts from cardboard food packaging materials. This approach aims to avoid wasting effort identifying and quantifying irrelevant compounds by employing prioritization [27, 28] . Yet, ideally elucidation, quantification, and prioritization should be performed on any present substance to assess which substances are risk-relevant or risk-irrelevant.
It may be viable to adapt a strategy similar to recent literature [25, 26] and combine it with the latest semi-quantification approach [24] to obtain a chemical exploration tool that can prioritize chemical substances based on adjustable endpoints.
In this paper, we present a fast workflow based on high resolution mass spectrometry to combine structure prediction methodology with semi-quantitative methodology to generate a profile of potential hazardous compounds in complex samples. To demonstrate the feasibility of such a method, we apply it in a food contact material (FCM) setting. The investigated workflow provides a much-needed tool for complex sample exploration: the abundances and chemical profiles that can be used for further investigations.
Materials and methods

Software
Marvin ( [24] .
The optimized parameters for the ESI source are shown in Table 1 . The Q-TOF MS was auto-tuned for mass accuracy and resolution between m/z 100 to m/z 3200 prior to each sequence, and mass axes were 2-point calibrated real-time using supplied ESI calibration mixture.
Mass spectral experimental were run two modes: TOF only (MS) and Q-TOF (MS/MS). In TOF mode, acquisition was performed in the mass range 50 -2500 m/z at 1.3 Hz with no collision gas or collision energy. During product-ion acquisition, the mass range was reduced to 50 -2400 m/z at 2.5
Hz with the quadrupole isolation width set to "Narrow" (1.3 m/z width) and at varying collision energy voltages: 10V, 20V, and 40V. The Auto-MS/MS feature was used to isolate precursor ions dynamically in real-time. Common background ions were added to the Auto-MS/MS "Exclusion" list to improve spectral quality. Other settings of the Auto-MS/MS were tuned for this specific instrument and the samples.
Liquid chromatography
UHPLC-MS was performed on an Agilent 1290 system (Agilent, Waldron, Germany). For separation, a separation strategy was adopted as described in [24] using two UHPLC columns connected serially to improve separation power and selectivity.. Both columns were held isothermally at 50°C. Injection volume was 5 μl. Eluent flow was 0.2 ml min -1 . Samples were taken from an unused recycled food cardboard item (pizza-box) used in retail applications. The sample was chosen as recent work has shown substances of concern can migrate from these types of samples [29] . From the center of the bottom of the box, a 1 dm 2 board piece was cut out using a cleaned surgical knife. Sample cutout was resized to four identically sized strips of 2.5 cm x 10 cm. Before extraction, all non-disposable glassware, e.g. glass extractor vessel, glass vials (PYREX), and measuring glasses were cleaned and heated to 400°C for a minimum of 12 hours.
All plastic equipment was soaked in 95% ethanol for 24 hours before use. LC-MS vials (Agilent Technologies) and Pasteur pipettes were used as received.
Four sample strips were placed in an extraction vessel, and 100 mL of warm (40 -50°C) extraction solvent was added. The extraction vessels were capped and sealed with a metal clamp, transferred into a thermally sealed airtight bag, and placed in an oven for 24 hours at 40°C. After 24 hours, the vessels were removed from the oven, and the liquid content was poured into 100 mL glass bottles where it was cooled down to room temperature. A blank extract was prepared by following the extraction procedure without sample.
The resulting extract was filtered in triplicate and transferred to LC-MS compatible vials for analysis.
Each sample was filtered using a plastic 2 mL BD Discardit™ syringe (Becton Dickinson, USA) and plastic-PTFE 0.2 µm Phenex™ filters (Phenomenex, Denmark), thoroughly rinsed with 50% ethanol.
The syringe was used in a way that ensured there was an air cavity between plunger and solvent to prevent contamination. First, 0.9 mL extract was filtered to waste followed by 0.5 mL of extract filtered into the LC-MS vial. 1.0 mL of quantification marker (QM) mixture was added to each LC-MS vial. The contents of the QM mixture are described in Supplementary Material Table A.2.1.
Molecular Structure Correlation
The Agilent MassHunter Molecular Structure Correlator (MSC) program proposes a structure suggestion of an analyte of interest (AOI) by comparing MS/MS data containing accurate mass, fragment ions, and isotopic patterns with local or online databases of available chemical structures.
Each potential molecular formula of an AOI is compared against a database of theoretically fragmented chemical structures as described by Hill and Mortishire-Smith [30] . As experimental spectra are compared to theoretical spectra, a matching score is calculated based on fragment matching, mass accuracy matching of precursor and fragment ions, and the overall percentage of fragment ions that can be plausibly explained [31] . As a result the MSC reports the most plausible chemical structure inside the consulted database that fits best the experimental MS/MS data.
Database preparation
Seven data sources (DS) were used to generate a set of five databases. Three DS were chosen for high specificity to sample types. DS #1 and #2: compiled list from research regarding contaminants in paper and board material [29, 32] . DS #3: the US FDA database 'Indirect Additives used in Food Contact Substances' [33] . Two DS were selected for moderate relevance to the field of usage. DS #4:
REACH Annex III database containing chemicals used in industry that have some associated safety concerns [34] . DS #5: Agilent MassHunter Extractables and Leachables library, containing extractable and leachable compounds found in components of (mostly plastic) food and drug packaging and medical devices [35] . Finally, two large DS were consulted online. DS #6: ChemSpider (http://www.chemspider.com/). DS #7: PubChem [36] .
Before use as database, DS #1 to #4 were made converted to a structure format and pruned. In 
Results and discussions
Databases and pruning performance
The mechanism of MSC is designed to propose the best-matching structure inside a database of structures, thereby critically dependent on the appropriateness, quality, and size of the databases.
Hence, the database scope and database specificity are decisive quality factors in structural elucidation. In Table 2 a quality assessment of different databases is presented. Here, the scope of database is proportional to the database size and uniqueness: a larger scope increases the likelihood of obtaining a positive or false positive match from a mass spectrum. The specificity of the database is based on the relevance of database to the sample type, i.e., whether the substances in the database are representative to the analytical problem and sample types. Database authenticity is a qualitative parameter based on the size and specificity. Hence, authenticity is a measure of the trustworthiness of a MSC prediction from that database.
In Table 2 , the PBDB and the REACH database scored well on authenticity due to a mid-sized scope along with a high specificity. The Agilent PCDL had diminished use due to a relatively small scope, but also a low specificity as it is designed primarily for plastic substances. The ChemSpider and
PubChem databases could not be considered very authentic despite the largest scope, as these databases included structures from a highly diverse pool of possible applications. Here, structural correlations may shift to overfitting data: small measurements errors in the data can be fitted on the near-unlimited number of theoretical spectra present in these databases. This does not imply correlation results from ChemSpider and PubChem are not usable, but it does imply that the user needs to be critical with the matching results.
3.2
The role of databases in structure correlation
Databases PBDB, REACH, and AgiEL are strongly relevant to the investigated samples, and the structure predictions can be used without reassessment. However, for CS and PC, the predictions require manual assessment of the proposed structure, as these predictions were found to contain anomalies, e.g., excess triple bonds, prevalent radicals, or carbon rings of n < 5. Entries containing said anomalies required reassessment because the presence in the REACH Annex III database, representative of a large proportion of industrial chemicals in use, was uncommon: only 0.64% of the entries contained a single triple bond, while 0.037% contained a ring with n = 3, and 0.019% a ring with n = 4. Thus, if the best-scoring hit in CS or PC contained no structural anomalies it was accepted, but if anomalies were present the next-best hit with no anomalies was accepted.
The issue with anomalies entries highlights a somewhat larger issue in using untargeted predictions for structural elucidation. Firstly, available databases are used as-is: the search range is limited by the content of the database. Therefore, chemical structures that are not originally found in the database cannot be proposed. Consequently, if the actual Analyte of Interest (AOI) structure is not in any database then no exact structure is obtained and at most a similar structure may be found.
Secondly, fitting experimental data to nonspecific large databases involves a high risk of false positive results. The nonspecific public online databases (such as ChemSpider and PubChem) are useful for elucidating unknown chemicals, but there also is a need for specific databases. Specific databases require extensive knowledge on the sample type, but are relatively easy to construct, inexpensive, and unlikely to comprise proprietary materials as the only input required are molecular structures. Hence, specific databases might be constructed in collaboration with industrial companies that often have deep knowledge on the samples.
3.3
Using structural elucidation in untargeted work
Data-dependent acquisition
Multi-stage mass spectrometry (e.g., QqQ, Q-TOF, or ion traps) are often associated with targeted analyses: the mass-to-charge (m/z) of AOI is preselected, and fragmentation spectra are collected only for preselected fragments (Selected-or Multiple Reaction Monitoring (SRM or MRM)). Because of preselection, SRM/MRM results in product ion spectra of sufficient abundance and high quality.
However, SRM/MRM is not well-suited for any sort of discovery that involves unknowns (Figure 1a ).
In fact, SRM/MRM is blind to any mass features not included in preselection as illustrated in Figure   1b .
Due to the limitation of SRM as required for untargeted analyses, alternative data acquisition methods are in development such as data-dependent acquisition (DDA) [37, 38] . In DDA, real-time data is evaluated for precursor ions based on TOFMS data, and an algorithm selects relevant precursors for fragmentation. This permits the investigation of unknown analytes, as no prior definition is needed. Another methodology is data-independent acquisition (DIA) [39, 40] , in which all ions are fragmented simultaneously without selection. DIA results in complex product-ion spectra and data analysis is challenging, while spectral quality is not optimal [41, 42] . This study exclusively uses DDA due to the added complexity of performing DIA.
A limitation associated with DDA is the compromise needed for complex samples containing many unknown substances [43] . The number of precursor ions to be analyzed by fragmentation is limited by time required per scan cycle, so only a limited number of precursors can be included within a given time range [41] . If a large number of viable precursors are discovered, those with highest abundance are preferentially selected while the remainder is discarded (Figure 1c ), which is problematic for chromatographic areas with many eluting substances, or where background peaks are dominant.
To control the selection of ions in DDA, preference/exclusion monitoring based on a preset list of priority ions (preference list) was used. The design of a preference list requires TOF-only (MS) analysis to identify the time and m/z of interesting peaks, and this data was already available from the quantification experiments. Preference monitoring ensures certain ions and/or fragments have fragmentation spectra collected, which is beneficial for investigating low-abundance analytes.
Unfortunately, designing the preference last is a manual task and, for large chromatograms, can be time-intensive. Consequently, the investigative power of the method is enhanced by combining realtime targeting with a pre-selected list of ions of interest.
The experimental results indicated that DDA deals poorly with different adducts generated by the ESI process. The DDA algorithm cannot unambiguously identify the adduct type of the precursor, and the most abundant adduct ion did not consistently produce high-quality fragmentation spectra. In partly be achieved by using DDA preference monitoring to select optimal adducts for fragmentation spectra despite having a lower initial abundance..
FCM analysis: identification and quantification
Analysis workflow
To evaluate the method performance on a real sample, a recycled cardboard pizza-box was investigated. Pizza-boxes contain both virgin and recycled board fibers, so they are expected to contain a diverse set of chemicals with a potentially large probability of containing unknowns [44, 45] . Figure 3 shows Semi-quantification (SQ) was limited to the largest 1200 MFE groups (i.e., possible compounds) per sample to reduce computation times for the MFE algorithm. First, mass spectrometric data was investigated for the MFE groups of the quantification markers (QM). MFE groups consist of multiple ion traces originating from the same analyte. For each compound, the summed group ion traces were recognized as being the true abundance of the analyte in the sample. Actual SQ was achieved by comparing each analyte to its nearest QM [24] .
Finally, compounds detected in both Q-TOF (identification) and TOF (quantification) were coupled by using Excel VBA scripts. The coupling occurred only when both methods resulted in similar in retention time and similar m/z of principal ions.
Identification
Triplicate analysis of the pizza box sample (A1, A2, and A3) resulted in 133, 131, and 131 compounds, respectively. To facilitate structure assignment, MSC predictions were categorized as either authentic predictions, based on PBDB, AgiEL or REACH, or non-authentic predictions, based on PubChem or ChemSpider. Two simplified rules were used to decide whether a structure assignment by MSC could be passed as relevant:
1. A threshold average prediction score was above 70: at least 70% of the observed Q-TOF spectrum was explained by the database structure.
2.
A compound required a match from at least 2 databases, and at least one match originated from an 'authentic' source (PBDB, REACH, or AgiEL).
The performance of the assignments was assessed by the total prediction statistics as summarized in Figure 4 for sample A1.
Assessing the quality of the predictions revealed that nearly 85% of the predictions ( Figure 4A) were of sufficient quality usable for interpretation (score > 70). The average prediction score was 78; thus, on average more than three-quarters of the fragmentation spectrum could be explained. A substantial part of the predictions scored between 70 and 80 (37.6%), but the majority scored 80 or above (47.4%). Some predictions were considered of insufficient quality (score < 70) for interpretation (15%), and most of these prediction scores were between 50 and 70 (11.3%).
When looking at the prediction quantity n ( Figure 4B ), more than 83% of possible AOI had n ≥ 3 predictions that could support structure assignment. For n = 2 , these predictions were exclusively from CS and PC. As discussed, CS and PC are probable to contain false positive predictions, so the MSC results were evaluated manually. However, a lack of authentic predictions may indicate that these were truly unknown compounds not yet available in any database. Cases where insufficient prediction reliability (n = 0 or n = 1) occurred were rare: only in 3 out of 133 cases.
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Quantification
To simplify the description and tables in these results, only data from A1 is used here. In sample A1, 585 potential peaks were semi-quantified. Only compounds for which the concentration could be estimated in at least two out of three samples were included. A coefficient of variation (CV) was calculated for 109 compounds using replicate experiments A1, A2, and A3. The median CV was 10% while the average CV was 17%. However, compounds eluting before 3.5 minutes retention (gradient start) contributed more to the variation, if these were excluded, the median CV was similarly 10%, but the average CV reduced to 13%. which approximately corresponded to a range from 470 ppb to 17 ppm. The median of concentration estimates was 68 nmol liter -1 . The range of concentrations of entries that were successfully linked between quantification and identification (marked in Figure 5 by filled points) was between 19 nmol liter -1 and 159 μmol liter -1 . As the masses of the linked compounds are known from the identification, the concentration could be expressed as mass unit per dm 2 : 0.7 μg dm -2 to 1653 μg dm -2 .
Combining semi-quantification and identification data
The 585 semi-quantifications were compared with the 133 structure elucidations, which resulted in 117 compounds with both structure and concentration assignment. The unlinked 468 semiquantifications, marked in Figure 5 by transparent points, could not be coupled to existing MS/MS data. The 16 identified but not quantified compounds were probably due to a targeted ion being of such low abundance that the data processing did not detect the principal ion.
There appeared to be a trend in the coupling of semi-quantification with identification where the successful links are often at the higher range of concentrations. This effect was expected: DDA can only simultaneously evaluate a certain quantity of ions, and during saturation the higher abundance signals take priority. This indicates the balance needed between operating in MS mode and MS/MS mode: fragmentation spectra (MS/MS) be used to evaluate new candidate ions, but shortening the acquisition time in MS/MS reduces the quality of the spectra due to lower abundance. Hence, to collect spectra from sub-ppm level compounds or those with elution overlap, the precursor ions need to be part of the DDA preference list.
Alternatively, the elution time window could be broader so that DDA can utilize the longer time to evaluate more ions. A broader elution window could be beneficial as the DDA algorithm excludes peaks after a set number of MS/MS spectra; so a longer time would free up the queue for lower abundance precursor ions. However, broader peaks are also inversely related to abundance and generally unfavorable as the peak overlap increases significantly thus reinforcing the initial problem.
Assessment of quantification and identification of a paper and board FCM
In risk studies, the most prominent decision is whether the presence of a certain substance is acceptable (i.e. safe and/or legal), or unacceptable (i.e. present a risk and/or is illegal) and needs to be considered for further study. Targeted methods are more sensitive than untargeted screening [20] , so highly potent toxic substances are not properly assessed via the latter methodology since they require sufficient sensitivity [46] . Assessing risk and/or legal status for the remaining chemical substances requires a combination of knowledge about hazard characterization and structure: to assess health effects, or determine if it is a regulated substance; and about the concentration: to determine if the human exposure poses a risk, or is above the legal threshold.
Initially, the number of discovered compounds in this study is not as high as literature might suggest [9] . The real number of compounds is most likely higher if the DDA were optimized to include more low-abundance peaks. However, also a change in analytical methodology will increase the number and diversity of chemicals detected, e.g., different HPLC columns or different ionization principles. In this case study, analytes that are strong nonpolar (e.g. polycyclic aromatic hydrocarbons, mineral oils) are excluded by the use of ESI, while those that are very small or polar (e.g. ionic substances, monomers, solvents) could be excluded by using C 18 liquid chromatography.
Not all substances are discussed or reported in this paper due to the size of the total dataset (133 compounds in triplicate); however, illustrative examples are presented to document the method and output. A subset (25) of compounds was investigated sorted by concentration, of which 20 have the highest estimated concentration, and 5 have the lowest estimated concentration. The results (Table   4) show the estimated concentration (without the 3-fold error from [24] ) in both μmol liter -1 and μg dm -2 , together with the structures obtained from MSC. Empty structures imply no structure was predicted using this database.
Case: insufficient information
The evaluation of data was somewhat complicated when structure predictions contained little agreement and/or low scores. There is not sufficient evidence to prioritize further studies if databases predicted inconsistent or low-score structures, or if the estimation of concentration is unavailable. This is the case for compounds C.109 & C.110, C.65, C.39, C.34, C.36, and C.14, which are all at relatively low concentration with ambiguous structure assignment. The most straightforward option will be to treat the results as tentative and conclude no consensus can be reached. This solution, however, is controversial as there is no prioritization, and it implies postponing the assessment. A second approach is to reanalyze the sample under more specific targeting conditions. However, this may not actually lead to a better result, especially if the actual chemical simply is not available in the databases and/or as reference standard. In light of a safety assessment, a more practical approach may be to use the available structures, in context of the worst-possible application. As human safety is the top concern, one could consider the worst-case chemical proposed as the leading case when in doubt, and then proceed to evaluate the worst-case scenario. This would often provide an over-estimation of risk, but most risk-based evaluation consider that the preferred method. Unfortunately, there is not yet a solution if there is lacking or conflicting data, and it remains the decision of the user in light of the application to decide the best course of action.
Case: low expected risk
A number of found chemicals were classified as low risk. For example, the compounds with the highest estimated concentration C.3 and C.2 appear to be an amino-ethanol structure, with high concentrations (including uncertainty) in the interval from 0.15 to 4.5 mg dm -2 . The actual structure appears fairly certain across database predictions. These chemicals are often used in the production processes, and have very little known toxicological effects attributed to them [47] . The LD50 for rats is remarkably high at 2.46 mL kg -1 [48] . Similarly, C.115 appears to be an aliphatic carboxylic amide, like stearamide, between 20 and 150 μg dm -2 . These type of compounds are also known to have a relative low toxicity [49] . Other examples of low-risk substances are compounds C.10, C.11, and C.18, which indicate polyethylene glycol (PEG) at relatively high concentrations between 185 and 1630 μg dm -2 . PEG is historically known to be have few issues associated with its intake [50, 51] .
Finally, compound C.6 seems to be a sugar-like compound that is unlike to be a risk. where structure prediction suggests dehydroacetic acid, which is a fungicide and common industrial chemical, or maltol acetate, which also is an industry chemical, at concentrations from 25 to 225 μg dm -2 . The assigned structures to C.16 did not have high scores, so the suggested and actual structure is uncertain. Dehydroacetic acid is permitted in squash at maximum 65 ppm [52] and as adhesive in packaging [53] by the U.S. FDA, but dehydroacetic acid was recently discovered in coatings of cheese in the EU which caused a withdrawal [54] . There are no known regulations for maltol acetate.
Because the identification did not have a high score and the use of the possible chemicals is debatable, C.16 is an example of a possible but no certain risk. Another case in this category is compound C.13. The structure proposed by one authentic database is ethyl N-benzyl-β-alaninate at alternative. Unfortunately, neither have toxicological data or known uses for the proposed structures while the concentration is high (2.5 to 22 μmol liter -1 ), which merit further studies. As discussed before, in cases of uncertainty the safe approach is more appropriate, which marks classifying C.13 as possible risk.
Case: certain expected risk
Only a few of the predicted structures seem to call for immediate attention. A notably entry is C.118, that all predictions indicate as a phthalate-like substance with good prediction score (>80), levels between 70 and 600 μg dm -2 , and good agreement between structure predictions. Due to the large number of rather similar phthalates, determining the exact structure is not possible. Phthalates are found frequently in food contact materials due to world-wide use and migration of phthalates into food from plastics, but to a lesser extent also from a paper-based material, e.g. recycled paper and board [55] . In addition, it has been argued that the continuous exposure to phthalates is often related to adverse health effects in humans [56, 57] , so some risk may be expected. A final case discussed here is compound C.9, where the structure assignment points to methylisothiazolinone based on authentic database predictions with scores > 80, supported by non-authentic predictions showing highly similar structures. This substance is frequently used in cosmetics, water tanks, and paper mills as biocide or preservative, and is considered to cause skin sensitization [58, 59] and other effects [60] . It is among the substances with higher concentration (40 to 360 μg dm -2 ), yet very little testing on chronic dietary exposure has been performed, so the presence in food contact materials could be of concern.
Conclusion
In this study we investigated combining semi-quantification with structural elucidation as a tool for exploration of chemical risk. We have shown that an exploration tool based on elucidative and semiquantification principles can be used on complex samples to give an essential overview of present chemical substances and concentration levels occurring, here demonstrated using a paper and board food contact material extract.. The method is designed to be applicable on most samples analyzed by LC-MS since it does not rely on availability of a large number of standards. Instead, the method is capable to operate on structure libraries without extensive MS/MS data, and these can be created inexpensively as long as information on the sample type is available, for example via collaboration with product manufacturers or authorities. In essence, the method permits chemical exploration of the world of chemically diverse and complex samples with simplicity, speed, and only few requirements for prior experiments or standardized methods.
Evidently, no "one size fits all" methodology for comprehensive unknown screening can be provided yet. Instead, exploration should be performed with the aim to obtain as much and as broad information as possible, followed by selecting the relevant information to evaluate further. Indeed, an indication of concentration and identity are already useful data to any field dealing with unknown substances. With both quantitative data and indications of chemical structures available, decisions can be taken at a much greater knowledge level than possible with the lack of knowledge that analysis of unknowns currently imposes.
The dependence on standards or existing knowledge on the sample is not completely eliminated because relevant structure databases are essential for results, and this marks one of the method limitations. Substances that are not (yet) in a database are hard to retrace, and predicting true unknowns with the current data tools is not possible. However, this is a first step towards a simplification of identification databases, having already reduced the need for fully recorded MS/MS spectra and instead relying on structure-only databases, but MS/MS spectra are still the preferred source of data. Ideally, future software tools will be able to understand MS data better, and synthesize new structures based purely on mass spectra. This means that truly unknown substances could be eligible for elucidation. In addition, it would be valuable to see data-independent acquisition (DIA) applied in this methodology for its improved precursor throughput, although the issues with low-quality fragment spectra would need to be resolved. Finally, the use of explorative data in different fields or in risk assessments needs to be evaluated. . At minimum two predictions were needed to consider the elucidation as adequate for further work, where one prediction must have originated from a high-specificity database. Figure 5 . Retention time and semi-quantified concentration of 585 chromatographic peaks in a recycled board sample. Peaks include those also found in the blank. Of these 585 peaks, 117 peaks were linked to elucidation data in subsequent MS/MS experiments, which are marked as filled points. The remaining unlinked peaks (blank points) either were considered irrelevant in the MS/MS experiments or did not have suitable fragmentation spectra recorded. This article is protected by copyright. All rights reserved. 
Acknowledgements
